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Abstract

Particle �lters is now establishedasoneof themostpopularmethodfor vi-
sual tracking. Within this framework, it is generallyassumedthat the data
aretemporallyindependentgiventhesequenceof objectstates.In thispaper,
we arguethat in generalthedataarecorrelated,andthatmodelingsuchde-
pendency shouldimprove trackingrobustness.To take datacorrelationinto
account,we proposea new modelwhich canbeinterpretedasintroducinga
likelihoodon implicit motionmeasurements.Theproposedmodelallows to
�lter out visualdistractorswhentrackingobjectswith genericmodelsbased
on shapeor color distribution representations,asshown by thereportedex-
periments.

1 Intr oduction

Visual tracking is an importantproblemin computervision, with applicationsin tele-
conferencing,visual surveillance,gesturerecognition,and vision basedinterfaces[3].
Thoughtrackinghasbeenintensively studiedin theliterature,it is still achallengingtask
in adversesituations,dueto thepresenceof ambiguities(e.g.whentrackinganobjectin a
clutteredsceneor whentrackingmultiple instancesof thesameobjectclass),thenoisein
imagemeasurements(e.g. lighting problems),andthevariability of theobjectclass(e.g.
posevariations).

In the pursuit of robust tracking, SequentialMonte Carlo methods[1, 5, 3] have
shown to be a successfulapproach.In this Bayesianframework, the probability of the
objectcon�guration given the observationsis representedby a setof weightedrandom
samples,calledparticles.Thisrepresentationallowsto simultaneouslymaintainmultiple-
hypothesesin thepresenceof ambiguities,unlikealgorithmsthatkeeponlyonecon�gura-
tion state[4], whicharethereforesensitive to singlefailurein thepresenceof ambiguities
or fastor erraticmotion.

Visual trackingwith a particle�lter requiresthede�nition of two mainelements: a
datalikelihoodtermanda dynamicalmodel.Thedatalikelihoodtermevaluatesthelike-
lihood of the currentobservationgiven the currentobjectstate,andrelieson the object
representationwe havechosen.Theobjectrepresentationcorrespondsto all theinforma-
tion thatexplicitly or implicitly characterizetheobjectlike thetargetposition,geometry,
appearance,motion etc. Parametrizedshapeslike splines[3] or ellipses[12] andcolor
distributions[8, 4, 7, 12] areoftenusedastargetrepresentation.Onedrawbackof these



genericrepresentationsis that they arequite unspeci�c which augmentthe chancesof
ambiguities.Oneway to improve therobustnessof a tracker consistsof combininglow-
level measurementssuchasshapeandcolor [12]. A stepfurtherto renderthetargetmore
discriminative is to useappearence-basedmodelssuchas templates[9, 10], leadingto
very robust trackers. However, suchrepresentationsdo not allow for large changesof
appearence,unlessadaptationis performedor morecomplex global appearencemodels
areused(e.g.eigen-space[2] or setof examplars[11]).

Thedynamicalmodelcharacterizestheprior onthestatesequence.Examplesof such
modelsrangefrom simpleconstantvelocitymodelsto moresophisticatedoscillatoryones
or even mixturesof these[6]. In the particle �lter framework, the dynamicsare used
to predict the new statehypotheseswherethe datalikelihoodwill be evaluated. Thus,
the dynamicalmodel implicitly de�ne somesearchrangefor the new hypotheses.The
dif�culty of modelingthedynamicsarisesfrom thetwo contradictoryobjectivesit should
ful�ll. On onehand,thesearchspaceshouldbesmallenoughto avoid thetracker being
confusedby distractorsin the vicinity of the true object con�guration, a situationthat
is likely to happenfor unspeci�c objectrepresentationssuchasgenericshapesor color
distributions.On theotherhand,it shouldbelargeenoughsothatit cancopewith abrupt
motionchanges.

In thispaperweproposeanew trackingmethodbasedon theparticle�lter algorithm.
Moreprecisely, wearguethatastandardhypothesisof this�lter , namelytheindependence
of observationsgiventhestatesequence,is inappropriatein thecaseof visualtracking.In
this view, we proposea modelthatassumesthat thecurrentobservationdependson the
currentandpreviousobjectcon�guration aswell ason thepastobservation. As we will
show, theproposedmodelcanbeexploitedto introduceanimplicit objectmotionlikeli-
hoodin thedataterm.Thebene�tsof this new modelaretwo-fold. First,by exploiting a
kind of templatecorrelationbetweensuccessive images,it will turn generictrackerslike
shapeor color histogramtrackersinto morespeci�c oneswithout resortingto complex
appearencebasedmodels.Second,asa consequence,it reducesthesensitivity of theal-
gorithmto thesizeof thesearchrange,sincewhenusinga largesize,potentialdistractors
shouldbe�ltered outby theintroducedcorrelationfactor.

Therestof thepaperis organizedasfollows. In thenext Section,we brie�y present
the standardparticle �lter algorithm. Our model is explainedin Section3. Section4
presentstheresultsandsomeconcludingremarks.

2 Particle �ltering

Particle �ltering is a techniquefor implementinga recursive Bayesian�lter by Monte-
Carlo simulations. The key idea is to representthe requireddensityfunction by a set
of randomsampleswith associatedweights. Let c0:k = f cl ; l = 0; : : : ;kg (resp. z1:k =
f zl ; l = 1; : : : ;kg) representsthe sequenceof states(resp. of observations)up to time
k. Furthermore,let f ci

0:k;w
i
kg

Ns
i= 1

denotea setof weightedsamplesthatcharacterizesthe
posteriorprobability densityfunction (pdf) p(c0:kjz0:k), wheref ci

0:k; i = 1; : : : ;Nsg is a
setof supportpointswith associatedweightswi

k. Theweightsarenormalizedsuchthat
å i w

i
k = 1. Then,a discreteapproximationof thetrueposteriorat time k is givenby :

p(c0:kjz1:k) �
Ns

å
i= 1

wi
kd(c0:k � ci

0:k) : (1)
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Figure1: Graphicalmodelsfor tracking.(a) standardmodel(b) proposedmodel.

Theweightsarechosenusingtheprincipleof ImportanceSampling(IS). More precisely,
supposethat we could draw thesamplesci

0:k from an importance(alsocalledproposal)
densityq(c0:kjz1:k). Thentheproperweightsin (1) that leadto an approximationof the
posteriorarede�ned by :

wi
k µ

p(ci
0:kjz1:k)

q(ci
0:kjz1:k)

: (2)

Thegoalof theparticle�ltering algorithmis therecursivepropagationof thesamplesand
estimationof the associatedweightsaseachmeasurementis received sequentially. To
this end,therecursiveequationof theposterioris employed:

p(c0:kjz1:k) =
p(zkjc0:k;z1:k� 1)p(ckjc0:k� 1;z1:k� 1)

p(zkjz1:k� 1)
� p(c0:k� 1jz1:k� 1) ; (3)

andweassumea similar factorizedform for theproposal:

q(c0:kjz1:k) = q(ckjc0:k� 1;z1:k)q(c0:k� 1jz1:k� 1); (4)

Fromthere,threehypothesesarecommonlymadeto derive thestandardparticle�lter :

1. Thestatesequencec0:k followsa �rst-order Markov chainmodel,characterizedby
thede�nition of thedynamicsp(ckjck� 1).

2. The observationsf zkg, given the sequenceof states,are independent.This leads
to p(z1:kjc0:k) = Õk

i= 1p(zkjck), which requiresthede�nition of theindividualdata-
likelihoodp(zkjck) ;

3. The prior distribution p(x0:k) is employed as importancefunction. In this case,
q(ckjc0:k� 1;z1:k) = p(ckjck� 1).

Replacing(4) and (3) in (2) and using the threehypotheses,we obtain the following
recursiveequationfor theweight:

wi
k µ wi

k� 1 p(zkjc
i
k): (5)

It is knownthatimportancesamplingisusuallyinef�cient in high-dimensionnalspaces
[5], which is thecaseof thestatespacec0:k ask increases.To solve this problem,anad-
ditional resamplingstepis necessary, whoseeffect is to eliminatetheparticleswith low
importanceweightsand to multiply particleshaving high weights,giving rise to more
varietyaroundthemodesof theposteriorafterthenext importancesamplingstep.

Altogether, weobtainthestandardparticle�lter thatis displayedin Fig. 2.



1. Initialisation: For i = 1; : : : ;Ns, sampleci
0 � p(c0) andsetk = 1

2. Importancesamplingstep: For i = 1; : : : ;Ns, samplec̃i
k � p(ckjc

i
k� 1) andevaluate

theimportanceweights: w̃i
k µ wi

k� 1 p(zkjc̃
i
k)

3. Selectionstep: Resamplewith replacementNs particlesf ci
k;w

i
k = 1
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g from the
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i
kg. Setk = k+ 1 andgo to step2

Figure2: Thebootstrap�lter algorithm.

3 The proposedmodel

In thisSection,weproposeanew methodthatimplicitly incorporatesmotioninformation
into the measurementprocess.This is achieved by modifying the traditionalgraphical
modelrepresentedin Fig. 1a,by makingthecurrentobservationdependentnot only on
thecurrentobjectcon�gurationbut alsoontheobjectcon�gurationandobservationat the
previousinstant(seeFig.1b). We�rst provideargumentsfor thischangeandthenpresent
morepreciselyourapproach.

3.1 Revisiting particle hypothesis

The �lter describedin Fig. 2 is basedon the standardprobabilisticmodel for tracking
displayedin Fig. 1aandcorrespondingto hypotheses(1) and(2) of theprevioussection.

The �rst hypothesisis a reasonableone. Objects(and the camera)usually follows
somedynamicsgovernedby the laws of physics.Thequestionsthatariseherearemore
a matterof how complicatedthedynamicalmodelis, how well we canlearnit, andhow
accurateit is to theapplication.

In visualtracking,thesecondhypothesisdoesnot seemto bea sensibleassumption.1

In mostof the trackingalgorithms,the con�guration stateincludesthe parametersof a
geometrictransformation� . Then,themeasurementsconsistof implicitly or explicitly
extractingsomepartof theimageby :

z̃ck
(r ) = zk( � ck

r ) 8r 2 R; (6)

wherer denotesa pixel position,R denotesa �x edreferenceregion,and � ck
r represents

the applicationof the transform � parameterizedby ck to the pixel r . The datalikeli-
hood is thencomputedfrom this local : p(zkjck) = p(z̃ck

), with z̃ck
denotingthe patch

castedin thereferenceframeaccordingto (6). However, if ck� 1 andck correspondto two
consecutivestatesof agivenobject,it is reasonableto assume:

z̃ck
(r ) = z̃ck� 1

(r ) + noise 8r 2 R (7)

wherenoiseusuallytakessomesmallvalue. This point is illustratedin Figure3. Equa-
tion (7) is at thecoreof all motionestimationandcompensationalgorithmslike MPEG
andis indeeda valid hypothesis.Thus,accordingto this equation,the independenceof
thedatagiventhesequenceof statesis notavalid assumption.Moreprecisely:

p(zkjz1:k� 1;c1:k) 6= p(zkjck) (8)

1For contourtracking,theassumptionholdsasthetemporalauto-correlationfunctionof contoursis peaked.



Figure3: Imagesattimet andt + 3. Thetwo localpatchescorrespondingto theheadandextracted
from thetwo imagesarestronglycorrelated.

whichmeansthatwecannot reducetheleft handsideto theright oneasusuallydone.A
bettermodelfor visualtrackingis thusrepresentedby thegraphicalmodelof Fig. 1b.

The new modelcanbe incorporatedin the particleframework. Startingfrom equa-
tion (3), all thesubsequentequationscanbederivedexploiting thisnew assumption.If the
proposalis equalto thedynamicmodel,it simply leadsto thefollowing updateequation:

wi
k µ wi

k� 1 p(zkjzk� 1;ci
k;c

i
k� 1) (9)

in replacementof equation(5), whichcanin turnbeusedin thebootstrapalgorithm.

3.2 Object representation,statespaceand dynamicsde�nition

Wefollow animage-basedstandardapproach,wheretheobjectis representedby aregion
R subjectto somevalid geometrictransformation,andis characterizedeitherby a shape
or by a feature(we usecolor) distribution in this region. For thegeometrictransforma-
tions,we have chosena subspaceof the af�ne transformationscomprisinga translation
T anda scalingfactors. Furthermore,a �rst-order dynamicalmodelis de�ned on these
parametersaugmentedwith their respective speed.More precisely, de�ning thestateas
ck = (ak; �ak), with a = (T;s), thedynamicalmodelis de�nedby ck = Ack� 1+ Bwk where
A andB aretheparametersof themodelandw is awhite noiseprocess.

3.3 Data lik elihoodmodeling

To implementthenew particle�lter , we consideredthefollowing datalikelihood:

p(zkjzk� 1;ck;ck� 1) = pc(zkjzk� 1;ck;ck� 1) � po(zkjck) (10)

wherethe�rst probabilitypc() modelsthecorrelationbetweenthetwo observationsand
po() is anobjectlikelihood. This choicedecouplesthemodelof thecorrelationexisting
betweentwo images,whoseimplicit goalis to ensurethattheobjecttrajectoryfollowsthe
optical�o w �eld impliedby thesequenceof images,from theshapeor appearenceobject
model. We assumedthat thesetwo termsareindependent.Whentheobjectis modeled
by a shape,this assumptionis valid sinceshapemeasurementwill mainly involve mea-
surementson theborderof theobject,while thecorrelationtermwill applyto theregions
insidetheobject.Whenacolorrepresentationis employed,whichinvolvesmeasurements
insidetheobject,theindependanceassumptionmight nothold in strict terms.



Visual object measurement

For theexperiments,we consideredbothcontourmodelsandcolormodels.
Contourmodel:
The observationmodelassumesthat objectsareembeddedin clutter. Edge-basedmea-
surementsare computedalongL normal lines to a hypothesizedcontour, resultingfor
eachline l in a vectorof candidatepositionsf n l

mg relative to apoint lying on thecontour
nl

0. With someusualassumptions[3], thelikelihoodcanbeexpressedas

po(zkjck) µ
L

Õ
l= 1

max
�

K;exp(�
kn̂l

m � nl
0k2

2s 2 )
�

; (11)

wheren̂l
m is thenearestedgeon l , andK is aconstantusedwhennoedgesaredetected.

Colormodel:
As color modelswe usedcolor distributions representedby normalizedhistogramsin
the HSV spaceandgatheredinsidethe candidateregion R(ck) associatedwith the state
ck. To be robust to illumination effects,we only consideredthe HS values.Besides,to
addsomespatiallayout information,the candidateregion wassplit into Nr sub-regions
Rr (ck). Then,amultidimensionalhistogramwascomputed(andnormalized),resultingin
a vectorb(ck) = (bj (ck)) j= 1::N, whereN = Nh � Ns � Nr with Nh andNs representingthe
numberof binsalongthehueandsaturationdimensionsrespectively, andwhereanindex
j correspondto a triple (h;s; r), with h ands denotinghueandsaturationbin numbers,
andr theregionnumber.
At time k, thecandidatecolor modelb(ck) is comparedto a referencecolor modelbref .
Currently, we usethe histogramcomputedin the �rst frameasreferencemodel. As a
distancemeasurewe employeda Bhattacharyyadistancemeasure[4, 7]:

Dbhat(b(ck);bref ) =

 

1�
N

å
j= 1

q
bj (ck)b

j
ref

! 1=2

andassumedthat the probability distribution of the squareof this distancefor a given
objectwasfollowing anexponentiallaw,

po(zkjck) µ expf� l D2
bhat(bk(ck);bref )g:

Imagecorrelation measurement

We modelthis termin thefollowing way :

pc(zkjzk� 1;ck;ck� 1) µ exp� l cdc(z̃ck
;z̃ck� 1

) (12)

wheredc denotesa distancebetweentwo imagepatches.Many suchdistanceshavebeen
de�ned andusedin the literature[9, 11]. The choiceof the distanceshouldtake into
accountthefollowingsconsiderations,whichareillustratedin Fig. 4 :

1. Thedistanceshouldmodeltheunderlyingmotioncontent,i.e. thedistanceshould
increaseastheerror in thepredictedcon�guration grows. For example,in Fig. 4,
thepredictedredbox shouldreceive a largerdistancethanthegreenboxesif they
originatefrom thesameparticlein thepreviousframe(thewhitebox).



Figure4: Trackingthewhite boxon theleft image: greenboxeson theright shouldhave ahigher
probabilitythantheredone.Greenboxes,generatedfrom thedynamicalmodel,will almostnever
fall ontheoptimalmatch(whiteboxontheright). If theheadandthebackgroundundergodifferent
motion,thepredictedboxesassociatedwith thebluebox (on theleft) shouldin generalgeta lower
probabilitythanthoseassociatedwith thewhitebox.
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Figure5: a) Distancepro�les (scaled),in functionof theerror(in pixel units)with respectto the
perfectmatch(error=0). The sizeof the consideredpatchesis 40x40,and the valueshave been
averagedover 20 differentpatchesfrom an image. Distances: (red,+)L2 (green,o)L1 saturated
(blue,x)Haussdorf.b) andc) Distancepro�les for apredictedparticlethatoriginalycoversonly the
object(green,x)or partof theobject(60%)andof thebackground(red,o).b) L1 saturateddistance
c) L2 distance.Thedifferencebetweenthebackgroundmotionandobjectmotionis 4, andtheerror
is setto 0 whenthepredictedparticlehasthesamemotionthantheobject.

2. Therandomnatureof the predictionprocessin theSMC �ltering will rarelypro-
ducecon�gurationscorrespondingto exactmatches,asshown in Fig. 4.

3. Thedistancebetweena particleandits descendentsshouldin generalbehigherfor
particlesthatcoverpartsof anobjectandthebackgroundthanfor particlescovering
only anobject,whenobjectandbackgroundundergodifferentmotion.

Fig. 5 displayssomedistancesmeasuresin functionof thepredictederror.2 The values
have beenaveragedby performingthe sameexperimenton randompatchestaken in an
image. This Figureshows that a robust distance(herea L1 saturateddistance)leadsto
a peakeddistancepro�le thatwould not be soappropriateto accountfor point 2 above.
Moreover, therobustdistancedoesn't satisfysowell point3,sinceparticlesfully covering
theobjectbut with smallpredictederrors(e.g.1 pixel) receivedistancemeasuressimilar
to thoseof particlescoveringobjectandbackgroundwith a predictedcon�guration that
matchesverywell theobjectmotion,asillustratedin Figure5c. Ontheotherhand,theL2
normis moreappropriate3. Thus,we selectedtheL2 distance,which indeedcorresponds

2i.e. theerror(in pixels)betweenthepredictedpositionandtheonecorrespondingto theoptimalmatch.
3Theneedfor point3 is arguable.If partialocclusionis expected,arobustnormmightbemoreappropriate.



Figure6: Trackingtheleft handat time t840, t845, t850 andt855. Top: histogramtracker. Bottom:
histogrampluscorrelation.White box: mostlikely particle.Greenboxes:otherlikely particles.
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Figure7: Error betweenthepositionof thehandprovidedby thetracker (box center)anda hand-
labeledhandposition. The plottedcurvescorrespondto an averageover 10 runsof eachtracker.
(+,green)HC and(o,blue)H trackers.Left, 100particles.Right,200.

to anadditiveGaussiannoisemodelin Eq.(7),

dc(z̃ck
; z̃ck� 1

) = å
r2R

r (z̃ck
(r ) � z̃ck� 1

(r )) with r (x) = x2 (13)

andl c is setto 1
2s 2

c
wheresc denotesthenoisestandarddeviation.

Regardingthe above equation,it is importantto emphasizethat the methodis not per-
forming templatematching,asin [9]. No objecttemplateis learnedoff-line or de�ned at
thebegining of thesequence,andthetracker doesnot maintaina singletemplateobject
representationat eachinstantof the sequence.Thus, the correlationterm is not object
speci�c (exceptthroughthede�nition of the referenceregion R). A particle“lying” on
the backgroundwould thusreceive a high weight if the predictedmotion is in adequa-
tion with backgroundmotion. Nevertheless,the methodologycould be the extendedto
be moreobjectdependent,by allowing theregion R to vary over time (usingexamplars
for instance),or by introducingspatiallyvariantnoisein thede�nition of thecorrelation
term.

4 Results

We presentresultson threesequences.In all cases,thetracker is initializedby hand.
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Figure8: Headtracking1 : top,shapetracker only. Bottom,shape+correlationtracker.

Hand tracking

In this sequence(seeFig. 6), thetwo handsareactive, graspingor displacingobjects,or
waving from left to right simultaneously. Thehandsmove over a clutteredbackground,
bothin shapeandcolor, andthecameraismovingaswell. Asahandmodel,weusedabox
split in 9 regions4 of equalsizewith associatedcolorhistograms.Trackingtheright hand
with thehistogramonly (H) or histogrampluscorrelation(HC) trackersproducedsimilar
results.However, whentrackingthe left hand,theH tracker wasseveral timesconfused
by thepresenceof theright hand,asillustratedin Fig. 6, top row. This confusionusually
lastedfor severalframes,but mostof thetime,theH trackerwasableto resume.TheHC
tracker did neverundergo this ambiguityproblem.This is demonstratedin Fig. 7, which
displaystheerrorin thehandpositionaveragedover10 runs.

Head tracking

The�rst sequence(Fig. 8) illustratesthebene�t of themethodin thepresenceof ambigu-
ities. Despitethepresenceof a highly texturedbackgroundproducingvery noisyshape
measurements,thecameraandheadmotion, thechangeof appearenceof thehead,and
partialocclusion,theheadis correclytrackedusingourmethod.Whatever thenumberof
particlesor thenoisevariancein thedynamicalmodel,theshapetrackeraloneis unableto
performa correcttrackingafterthet12 instant.Notethatfor this sequence,thehistogram
only tracker failsaswell but a joint histogramandshapetrackerwassuccessful.
In thesecondsequence(Fig. 9), histogrammodelsareinappropriate,asthetrackedper-
sonis undergoingseveral360o headturns.In thissequence,theshapetracker is perturbed
aroundframe60 by differentfactors: abruptverticalcameramotionandtheabsenceof
headcontoursastheheadmovesin front of thebookshelves.Thetracker is thenunableto
recover. On theotherhand,theshapeandcorrelationtracker successfulytracksthehead
turn 5, remainslessin�uenced by the lack of contourmeasurementsandabruptmotion
changes,andsuccessfullytrackstheheadover therestof thesequence.

4Whenusinglessregions,the histogramtracker wasfrequentlyjumping from onehandto theother. This
wasalmostnever thecaseof thehistogram-correlationtracker, but becauseof thecrudespatialrepresentation,
thetracker would oftenlock onasmallpartof thehandonly.

5Theheadturn is indeeda dif�cult casefor thenew method,asin theextremecase,themotion insidethe
headregion indicatesa right (or left) movementwhile theheadoutlineremainsstatic.



t6 t26 t66 t76 t110
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Figure9: Top,shapetracker. Bottom,shape+correlationtracker. 800particles.

5 Conclusion

We proposeda methodfor visual trackingwith particle�lters, which takesinto account
thetemporalcorrelationthatexistsbetweensuccessiveimagesof thesameobjectby intro-
ducinganew datalikelihoodmodeling.Thepresentedmodelallowsfor theintegrationof
motionmeasurementsin animplicit way, whichis helpful to removetrackingambiguities
thatoccurswhenusinggenericshape-basedor color-basedobjectmodels.
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